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PUBLIC SUMMARY
■   Brain-computer interfaces (BCI) achieve the treatment of neurological diseases through decoding and modulation.

■   BCI can provide personalized treatment for neurological diseases through closed-loop neuromodulation.

■   Key challenges include decoding accuracy, long-term biocompatibility, and real-world clinical translation.
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Currently, the global incidence of neurological disorders is on a continuous
upward  trend,  posing  severe  challenges  to  the  medical  field.  However,
traditional diagnosis and treatment methods for such diseases are associ-
ated  with  risks  arising  from  invasive  procedures,  generally  low  diagnostic
and  therapeutic  efficiency,  and  more  critically,  they  struggle  to  achieve
precise  and  personalized  treatment,  failing  to  fully  meet  the  individual
needs of patients. Against this backdrop, exploring rapid, efficient, and safe
diagnosis  and  treatment  protocols  for  brain  diseases  has  become  a  core
research direction. The emergence of Brain-computer interface (BCI) tech-
nology provides a highly promising solution to break through this dilemma
and is  expected  to  fundamentally  revolutionize  the  diagnostic  and  thera-
peutic  models  for  neurological  diseases.  By  accurately  capturing  and
analyzing brain signals,  BCI offers a brand-new pathway for restoring lost
physiological  functions  in  patients,  as  well  as  regulating  and  enhancing
brain activity,  bringing new hope to numerous patients afflicted by neuro-
logical  disorders.  Here  we  systematically  review  the  latest  research
progress  of  BCI  technology  in  recent  years  and  focus  on  analyzing  its
potential clinical application value in the fields of sensory disorders, motor
disorders, cognitive disorders, and mental disorders. The research insights
and technical directions summarized in this review aim to provide inspira-
tion for subsequent research in this field, promote the development of BCI
technology  towards  a  more  mature  and  practical  direction,  and  ultimately
provide more effective diagnostic and therapeutic means for patients with
neurological disorders, helping them improve their quality of life and regain
hope for health.

 INTRODUCTION
The human brain, as the most complex organ of the body, governs percep-

tion, movement, cognition, and emotion through intricate neural networks and
electrochemical signaling.1 When these mechanisms are disrupted by neuro-
logical disorders,  patients  may  suffer  from  severe  impairments  that  signifi-
cantly reduce quality of life. Traditional treatments, such as pharmacological
interventions and neurosurgical  procedures,  often provide limited efficacy or
induce  side  effects,  highlighting  the  urgent  need  for  more  precise  and
personalized therapeutic strategies.2

Brain–computer  interface  (BCI)  technology  has  emerged  as  a  promising
interdisciplinary  field  bridging  neuroscience,  engineering,  computer  science,
and clinical  medicine.3-5 By directly decoding neural  activity and establishing
real-time communication pathways between the brain and external  devices,
BCI  not  only  enables  motor  and  sensory  restoration  but  also  offers  novel
diagnostic  and  therapeutic  opportunities  for  neurological  disorders.6-8 In
recent  years,  advances  in  signal  acquisition,  machine  learning  algorithms,
and  closed-loop  neuromodulation  have  accelerated  the  translation  of  BCI
from laboratory demonstrations to clinical applications.9

Importantly, BCI applications are expanding beyond motor rehabilitation to
encompass  a  wide  spectrum  of  neurological  and  mental  disorders.10 For
instance,  sensory  BCI  has  shown potential  in  vision  and hearing  restoration
for  patients with sensory deficits,  motor  BCI  supports functional  recovery in

stroke and spinal cord injury, cognitive BCI can enhance memory and atten-
tion in individuals with cognitive decline, and psychiatric BCI open new possi-
bilities  for  monitoring  and  treating  depression,  anxiety,  and  schizophrenia.
These developments suggest  that  BCI  technology may evolve  into  powerful
tools for disease diagnosis, prognosis prediction, and individualized therapy.11-13

Despite remarkable progress, significant challenges remain, including limi-
tations  in  decoding  accuracy,  long-term  biocompatibility  of  neural  implants,
ethical concerns,  and the integration of  multimodal  neural  signals  into  clini-
cally viable  systems.  Addressing  these  barriers  will  require  close  collabora-
tion across disciplines, as well as rigorous clinical validation.14

In this review, we systematically summarize recent advances in BCI tech-
nology  and  its  applications  in  the  diagnosis  and  therapy  of  neurological
disorders.  We  first  introduce  the  fundamental  principles  and  technological
foundations of  BCI  systems,  then delve into its  applications across four  key
domains: sensory, motor, cognitive, and mental disorders. Finally, we discuss
current challenges and future directions for the clinical translation of BCI.

 PRINCIPLES AND TECHNOLOGIES OF BRAIN-COMPUTER INTERFACES
 Bidirectional information interaction in BCI

BCI is a pivotal technology that establishes a direct communication path-
way between the brain and external devices. Its core goal lies in bidirectional
information interaction. On one hand, it interprets the intent or state informa-
tion  contained  in  brain  activity,  converts  it  into  executable  commands  to
control external  devices.  On the other hand,  it  can encode external  informa-
tion into specific neural  stimulation patterns and deliver them into the brain,
thereby restoring or enhancing neural functions through precise neuromodu-
lation. Based on differences in their ultimate technological goals, BCI technol-
ogy can be broadly divided into two main categories: neural sensing technol-
ogy and neuromodulation technology, as shown in Figure 1.

Among them, neural sensing technology is based on multimodal methods
such as electricity, magnetism, light, and ultrasound. It realizes the decoding
of  brain  intent  by  collecting  and  in-depth  analyzing  brain  signals.15-17 The
results  of  this  decoding  have  multiple  application  values.  It  can  not  only
accurately  reveal  the real-time states of  the brain,  such as fatigue,  emotion,
and cognition, but also be converted into control commands to drive external
devices  like  drones  and wheelchairs  to  complete  designated  actions.  At  the
same time, the brain intent information obtained from the decoding can also
be used as a reference for brain stimulation parameters, providing support for
more precise subsequent neural modulation. With the core goal of restoring,
replacing,  and  enhancing  neural  functions,  the  technology  that  utilizes
parameters  derived  from  neural  sensing  signals  to  achieve  precise  neural
modulation is defined as neuromodulation technology.

It is particularly important to note that the brain has clear functional zoning
characteristics: the frontal lobe dominates advanced cognitive functions such
as  decision-making  and  planning,  the  temporal  lobe  is  deeply  involved  in
auditory  signal  processing  and  memory  formation,  and  the  occipital  lobe  is
the core area for visual information integration. The specificity of these func-
tion  determines  that  the  diagnosis  and  treatment  of  different  neurological
disorders  need  to  precisely  anchor  the  corresponding  functional  brain
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regions. For instance, when treating Parkinson’s disease (PD), it is necessary
to focus on targeted regulation of the basal ganglia region. When improving
the symptoms of  depression,  it  is  necessary to focus on the prefrontal  lobe
region. The specific functions of each brain region can be found in Figure 2. It
is precisely  because  of  the  significant  differences  in  brain  regions  of  disor-
ders  target  that  a  single  technical  approach  is  difficult  to  meet  the  diverse
diagnostic  and  therapeutic  needs.  Therefore,  different  technical  solutions
must be  selected  specifically.  Based  on  this  core  logic,  we  have  systemati-
cally  sorted  out  and  summarized  a  variety  of  adaptive  technical  means
around different diagnosis and treatment scenarios of neurological disorders.

 Neural sensing technology
Neural sensing technology is premised on the decoding of neural mecha-

nisms.  employs  multimodal  signal  acquisition  and  imaging  technologies—
including  electrical,  magnetic,  optical,  and  ultrasonic  methods—to  capture
brain  activity.  The  information  obtained  enables  precise  monitoring  of  brain
states,  serving a range of  core objectives from assessing cognitive function
and  diagnosing  neurological  diseases  to  advancing  human-computer inter-
action.  Based  on  the  method  of  signal  acquisition,  it  is  broadly  categorized
into invasive and non-invasive types.18-20

Electroencephalography  (EEG)  serves  as  the  fundamental  form  of  non-
invasive electrical signal sensing technology. It involves placing electrodes at
specific locations on the scalp to  capture the weak electrical  signals  gener-
ated by the synchronous firing of groups of brain neurons, and then convert-
ing  these  signals  into  visual  waveform  graphs.21,22 This  technology  enables
real-time  recording  of  the  dynamic  changes  in  brain  electrical  activity.
However,  EEG signals  are  susceptible  to  interference  from scalp  oil,  muscle
activity,  and  environmental  electromagnetic  sources.  Additionally,  they  have
low spatial resolution, making it difficult to accurately locate the brain regions
from  which  the  signals  originate.23 High-Density  Electroencephalography
(hdEEG)  represents  a  technological  advancement  based  on  traditional  EEG.
Its core  improvement  lies  in  a  significant  increase  in  the  number  of  elec-
trodes and the optimization of electrode arrangement density, allowing elec-

trodes to cover the entire scalp more evenly. A greater number of electrodes
can  capture  more  subtle  differences  in  EEG  signals.  When  combined  with
signal source localization algorithms, this technology can enhance the spatial
resolution  of  EEG  signals  to  the  millimeter  level,  enabling  more  accurate
localization  of  the  positions  of  neuron  clusters  that  generate  electrical
signals.24

Magnetoencephalography  (MEG)  is  the  core  form  of  non-invasive
magnetic  signal  sensing  technology.  It  uses  highly  sensitive  magnetic
sensors  to  capture  the  weak  magnetic  field  signals  generated  concurrently
with  the  synchronous  firing  of  groups  of  brain  neurons,  and  converts  these
signals into dynamic distribution maps of magnetoencephalographic activity.
This technology enables real-time tracking of the spatiotemporal changes in
brain functional activities. Moreover, the propagation of magnetic field signals
is not interfered by biological tissues such as the scalp and skull,  allowing it
to more truly reflect the original activity state of neurons.25

Functional  Magnetic  Resonance  Imaging  (fMRI)  is  a  non-invasive  brain
function monitoring method based on magnetic  resonance technology.  In  a
strong  magnetic  field  environment,  it  detects  the  differences  in  magnetic
resonance  signals  caused  by  changes  in  local  blood  flow  and  metabolism
when  brain  neurons  are  activated,  and  then  generates  three-dimensional
images  of  brain  functional  activities.  This  technology  features  high  spatial
resolution, enabling clear localization of the anatomical positions of activated
brain  regions.  Additionally,  it  can simultaneously  achieve  combined imaging
of brain structure and function, providing abundant information for neurologi-
cal disorder diagnosis and neuroscience research.26-29

Functional  Near-Infrared  Spectroscopy  (fNIRS),  a  mainstream  non-inva-
sive  optical  sensing  technology,  measures  brain  activity  by  emitting  near-
infrared  light  (700-900  nm)  into  the  brain  tissue  through  source-detector
modules placed on the scalp and then detecting the scattered and absorbed
signals.30 Combined  with  optical  algorithms,  it  infers  the  concentration
changes of  oxyhemoglobin  and  deoxyhemoglobin  in  the  brain,  thereby  indi-
rectly reflecting the activity state of neurons. This technology can monitor the
dynamic  changes of  brain  functional  metabolism in  real  time,  and does not
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Figure 1.  Neural sensing and neuromodulation technology.
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require  a  complex  fixed  environment,  allowing  monitoring  to  be  carried  out
under natural conditions.31-33

Transcranial  Sonography  (TCS)  is  a  fundamental  non-invasive  ultrasonic
imaging technique for assessing brain structures. It employs a low-frequency
(1-3 MHz) phased-array probe to transmit ultrasound through cranial acoustic
windows. By processing the returning echoes from brain tissues, TCS gener-
ates  2D or  3D tomographic  images  of  deep  brain  structures,  enabling  rapid
anatomical visualization. With its short examination time and portable equip-
ment,  TCS  is  particularly  suitable  for  preliminary  diagnostics  in  primary
healthcare settings.34-36

Electrocorticography (ECoG) requires placing sheet-like electrodes directly
on  the  surface  of  the  cerebral  cortex  through  a  craniotomy  to  collect  field
potential  signals  from  local  neuronal  clusters  in  the  cortex.  Compared  with
EEG,  ECoG  signals  avoid  signal  attenuation  caused  by  the  scalp  and  skull,
resulting in a higher signal-to-noise ratio. Its spatial resolution can reach the
millimeter level,  enabling more accurate reflection of the electrical  activity in
cortical functional areas.37,38

Epidural  Electroencephalography  (EpiEEG)  is  a  semi-invasive  electrical
signal sensing technology. Electrodes are placed in the epidural space, with-
out  the  need  to  penetrate  the  dura  mater - they  can  be  implanted  merely
through a skull drilling procedure. Compared with ECoG, EpiEEG causes less
damage  to  brain  tissue  and  carries  a  lower  risk  of  post-operative  infection.
Compared with EEG, EpiEEG signals are less interfered by the scalp and skull,
have a higher signal-to-noise ratio, and can capture clearer cortical electrical
activity.  However,  since the electrodes are located in the epidural  space,  the
signals  are  still  slightly  attenuated  by  the  dura  mater,  resulting  in  a  spatial
resolution slightly lower than that of ECoG.39

Stereoelectroencephalography  (sEEG)  uses  stereotactic  technology  to
implant  thin  needle-like  electrodes  into  deep  brain  structures  or  subcortical
regions,  enabling  three-dimensional  spatial  recording  of  electrical  activity  in
deep  brain  areas.  Compared  with  ECoG,  sEEG  has  the  advantage  of  being
able to record deep brain regions that are inaccessible to traditional ECoG; it
is particularly suitable for localizing epileptic foci originating from deep brain
areas or multifocal regions. Meanwhile, sEEG electrode implantation adopts a
minimally  invasive  drilling  method,  which  causes  significantly  less  surgical
trauma than ECoG, allows for faster post-operative recovery, and has a lower
risk of complications.40

Microelectrode array (MEA) is a fundamental invasive neural sensing tech-

nology for intracortical recording. It comprises a grid of multiple microscopic
electrodes (with  tip  diameters  typically  on  the  micron  scale)  that  are  pene-
trated  into  the  cerebral  cortex  to  capture  single-unit  activity  (SUA)  or  multi-
unit  activity  (MUA)  from  individual  or  small  populations  of  neurons  in  close
proximity. Unlike ECoG which records summed field potentials, MEA enables
the  direct  measurement  of  action  potentials  (spikes)  with  extremely  high
fidelity.  This  provides unparalleled  resolution for  investigating neural  coding,
microcircuit  dynamics,  and  the  firing  patterns  of  specific  cell  types.  The
primary limitations  include  the  increased  risk  of  tissue  damage  and  inflam-
matory response due to cortical penetration, which can lead to signal degra-
dation over time. Furthermore,  the recording scope is typically confined to a
localized  cortical  volume  immediately  surrounding  the  implant.  Recent
advancements focus on developing high-density,  flexible,  and biocompatible
arrays to minimize damage and improve long-term stability.41

In addition to the above-mentioned technologies, the application of optical
technology  in  brain-computer  interfaces  is  also  developing  rapidly.  Two-
photon calcium imaging (2P-Ca2+) is an optical neural recording modality that
uses near-infrared femtosecond lasers and genetically encoded calcium indi-
cators to report population and single-cell activity with cellular and subcellular
resolution  in  vivo.  Compared  with  surface  electrophysiology,  2P  imaging
provides precise spatial mapping across layers and cell types while maintaining
relatively deep penetration in scattering tissue. It is well suited for dissecting
microcircuit  dynamics,  dendritic integration,  and cell-type-specific computa-
tions  during  behavior.  Key  limitations  include  limited  field  of  view  per  scan,
motion  sensitivity,  and  an  indirect  relationship  to  spiking  due  to  calcium
kinetics, which constrains temporal resolution. Advances in resonant/remote
focusing,  holographic  scan  patterns,  and  volumetric  approaches  expand
throughput  and  enable  near-simultaneous  recordings  from  thousands  of
neurons.42,43

Widefield  and  miniscope  calcium  imaging  extend  optical  access  to
mesoscale  circuits  and  freely  moving  animals,  respectively.  Widefield
systems capture cortex-wide activity over centimeters with high frame rates,
enabling  studies  of  inter-areal  coordination  and  brain-wide  state  dynamics,
though signals mix across depths and cell types. Miniaturized head-mounted
microscopes,  often  coupled  to  GRIN lenses,  bring  single-cell calcium imag-
ing  into  naturalistic  behaviors,  including  social  interaction  and  navigation.
These  approaches  trade  cellular  specificity  or  optical  sectioning  for  field  of
view,  portability,  and  experimental  ethology.  Continued  improvements  in
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optics,  sensor  brightness,  and  motion-robust registration  mitigate  photo-
bleaching, scattering, and movement artifacts.44,45

Optogenetics  enables  cell-type-specific,  bidirectional  optical  control  of
neural  circuits  by  expressing  light-gated  ion  channels  or  pumps (e.g.,  ChR2
for  excitation,  GtACR/Halo  variants  for  inhibition).  Compared  with  electrical
stimulation, optogenetics  offers  genetic  targeting,  minimal  stimulation  arti-
facts  in  recordings,  and  precise  spatiotemporal  patterning,  including  single-
cell activation via holography. Limitations include the need for genetic access,
light delivery constraints in deep tissue, and potential heating or phototoxicity
at  high  powers.  Emerging  red-shifted  opsins,  micro-LED/optical-fiber
implants,  and  patterned  light  engines  improve  depth  reach  and  reduce
crosstalk, enabling “all-optical physiology” that combines simultaneous opti-
cal readout and stimulation for closed-loop circuit interrogation.46

To provide a clearer  and more concise comparison of  the technical  char-
acteristics,  advantages,  and  limitations  of  the  neural  sensing  technologies
discussed above,  a  systematic  summary is  presented in Table  1.  This  table
contrasts key  attributes  such  as  invasiveness,  spatial  and  temporal  resolu-
tion,  and primary applications, offering a valuable reference for selecting the
appropriate technology for specific neuroscience research or brain-computer

interface applications.

 Neuromodulation technology
Neuromodulation  technology  is  fundamentally  centered  on  deciphering

brain  mechanisms.  By  actively  intervening  in  the  activity  of  neurons  or  the
functionality of neural networks, it enables precise regulation of neural func-
tions.  It  encompasses  multimodal  approaches  such  as  electrical,  magnetic,
optical, and ultrasonic  stimulation,  as well  as  neurofeedback training,  allow-
ing for the selection of appropriate methods based on specific needs.47,48 The
core objectives of this technology are twofold: firstly, to treat neurological and
psychiatric disorders through regulating abnormal brain activity and alleviat-
ing  associated  symptoms;  and  secondly,  to  enhance  cognitive  functions—
such  as  attention  and  memory—by  optimizing  the  connectivity  within  brain
networks. In terms of technical implementation, approaches are categorized
based on invasiveness: invasive modulation involves surgical device implan-
tation  to  enable  precise  targeted  regulation,  whereas  non-invasive modula-
tion  employs  external  devices  to  intervene,  offering  high  safety  and  broad
applicability across populations.

Transcranial  electrical  stimulation  (tES)  is  a  non-invasive regulation  tech-
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Table 1.  Comparison of major neural sensing technologies for brain-computer interface.

Technology Invasiveness Signal
Modality

Spatial
Resolution

Temporal
Resolution Advantages Limitations Clinical

application

Electroencephalography
(EEG)21-23 Non-invasive Electrical Low (cm) Very High (ms)

Low cost, portable,
excellent temporal
resolution

Low spatial
resolution,
susceptible to noise

Routine clinical
practice

High-Density EEG (hdEEG)24Non-invasive Electrical Medium (mm) Very High (ms) Improved spatial
resolution over EEG

More complex setup,
still indirect
measurement

Specialized
clinical practice

Magnetoencephalography
(MEG)25 Non-invasive Magnetic High (mm) Very High (ms)

High spatiotemporal
resolution, unaffected
by skull

Extremely expensive,
bulky equipment

Specialized
clinical practice

Functional MRI (fMRI)26-29 Non-invasive Magnetic Very High
(sub-mm) Low (s)

Excellent spatial
resolution, structural
& functional imaging

Very low temporal
resolution, expensive,
immobile

Specialized
clinical practice

Functional NIRS (fNIRS)30-33 Non-invasive Optical Medium (cm) Low (s) Portable, safe, usable
in natural settings

Limited penetration
depth, low temporal
resolution

Small-scale
clinical practice

Transcranial Sonography
(TCS)34-36 Non-invasive Ultrasonic High (mm) Low Portable, rapid, cost-

effective

Primarily for
structural
assessment

Specialized
clinical practice

Electrocorticography
(ECoG)37,38 Invasive Electrical High (mm) Very High (ms) High SNR, excellent

temporal resolution
Requires craniotomy,
higher surgical risk

Specialized
clinical practice

Epidural EEG (EpiEEG)39 Invasive Electrical Medium-High Very High (ms) Higher SNR than EEG,
lower risk than ECoG

Lower resolution than
ECoG, signal
attenuated by dura

Specialized
clinical practice

Stereoelectroencephalogra
phy (sEEG)40 Invasive Electrical High (mm) Very High (ms)

Records from deep
brain structures,
minimally invasive

Invasive, limited to
targeted regions

Specialized
clinical practice

Microelectrode array
(MEA)41 Invasive Electrical Very High

(μm) Very High (ms)

Records single-
neuron action
potentials, extremely
high spatial and
temporal resolution

Highest risk of tissue
damage, signal
stability over time,
limited recording
volume

Clinical trials

Two-photon calcium
imaging (2P-Ca2+)42,43 Invasive Optical Very High

(μm)

Medium
(tens–hundreds
ms)

Cell-type-specific 3D
mapping with deep
penetration.

Limited field of view,
motion sensitivity

Only animal
research

Widefield / Miniscope
calcium imaging44,45 Invasive Optical Widefield: mm

Miniscope: μm

Medium
(tens–hundreds
ms)

Free to move around Depth mixing, motion
artifacts

Only animal
research

Optogenetics46 Invasive Optical Very High
(μm) Very high (ms)

Accurate spatio-
temporal positioning
and low recording
artifacts

Requires genetic
access

Limited retina
trials only

Note: SNR: Signal-to-Noise Ratio.
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nique,  which  can  be  classified  into  subtypes  such  as  transcranial  direct
current and alternating current stimulation. By applying low-intensity current
through  scalp  electrodes,  the  intracranial  electric  field  changes  the
membrane potential of neurons to regulate cortical excitability or brain region
rhythm synchronization. Its device weighs only a few hundred grams, is head-
mounted, suitable for home use, easy to operate and highly secure. However,
the regulation only acts on the superficial layer of the cortex, with low preci-
sion and significant individual  differences.  It  can be used to enhance cogni-
tive function, learning ability and neurorehabilitation.49-51

Transcranial  Direct  Current  Stimulation  (tDCS)  is  a  core  technique  within
the tES family. It applies a weak, constant direct current (typically 1-2 mA) via
scalp  electrodes  to  modulate  cortical  excitability.  The  mechanism  of  action
involves  subthreshold  polarization:  the  anode  depolarizes  neuronal
membranes, increasing  the  likelihood  of  spontaneous  firing,  while  the  cath-
ode  hyperpolarizes  them,  decreasing  their  excitability.52 Its  advantages
include device simplicity, high safety, excellent tolerability, and the ability to be
combined  concurrently  with  cognitive  training,  making  it  a  highly  promising
tool for cognitive enhancement and rehabilitation.

Transcranial  ultrasound stimulation (tUS) is  a non-invasive neuromodula-
tion technique that uses low-intensity pulsed ultrasound waves to modulate
neural  activity.  By  focusing  ultrasound  beams  through  the  skull,  tUS  can
target  specific  deep  brain  structures  with  high  spatial  precision  without  the
need  for  surgery.  The  mechanical  pressure  exerted  by  ultrasound  waves
influences neuronal  membrane properties and modulates ion channel  activ-
ity,  thereby  altering  excitation  and  inhibition  patterns  in  targeted  circuits.  Its
key advantages include the ability to reach subcortical regions, excellent focal
precision, and a favorable safety profile. However, current limitations include
the  need  for  precise  acoustic  calibration,  limited  long-term  safety  data,  and
individual variability  in  skull  transmission affecting efficacy.  It  shows poten-
tial  applications  in  treating  neuropsychiatric  disorders  such  as  depression
and  essential  tremor,  as  well  as  enhancing  cognitive  functions  through
network modulation.53-55

Transcranial magnetic stimulation (TMS) is a non-invasive regulation tech-
nique. It releases a brief strong magnetic field through coils above the scalp,
which  penetrates  the  scalp  and  skull  and  induces  an  intracranial  current  to
activate neurons in the target brain region. It is divided into single-pulse TMS
and  repetitive  pulse  TMS  subtypes.  Its  regulation  is  precise,  the  depth  of
action  reaches  the  deep  cortex,  and  there  is  sufficient  clinical  evidence.56,57

However,  the  equipment  is  large  in  size,  has  contraindications  for  irritation,
takes  a  long  time  for  a  single  treatment,  and  requires  multiple  sessions  to
show  significant  effects.  It  can  be  used  to  treat  movement  disorders,
Alzheimer's disease (AD),  mild  cognitive  impairment,  epilepsy,  multiple  scle-
rosis, sleep disorders and consciousness disorders.58-60

Deep  Brain  Stimulation  (DBS)  implants  fine  electrodes  into  deep  brain
regions  through  stereotactic  surgery  and  connects  them  to  a  chest  pulse
generator to release high-frequency electrical  stimulation and regulate brain
function. Its regulation is deep and accurate, real-time parameter adjustment
is possible, the effect is long-lasting and reversible, and it has a wide range of
applications.  However,  the  surgical  risks  are  high,  the  equipment  costs  are
high, there may be side effects, and long-term follow-up is required. It can be
used for refractory PD, depression, etc.61-64

Electroconvulsive  therapy  (ECT)  is  a  longstanding  and  highly  effective
neuromodulation  treatment,  primarily  reserved  for  severe,  treatment-resis-
tant depression and other major psychiatric disorders. Modern modified ECT
is  performed  under  general  anesthesia  and  muscle  relaxation.  It  involves
applying a  brief,  precise  electrical  stimulus to  induce a  generalized,  seizure-
like activity in the brain. This triggers widespread neurochemical and neuro-
plastic changes, including an upregulation of neurotrophic factors and a reset
of  dysfunctional  brain network connectivity.  Despite  its  associated cognitive
side  effects,  such  as  transient  memory  disturbance,  it  remains  the  most
potent antidepressant intervention available.65

Spinal  cord  stimulation  (SCS)  is  a  minimally  invasive  neuromodulation
technique. It involves implanting electrodes in the epidural space of the spinal
cord and connecting them to a pulse generator to intervene in neural  signal
transmission  with  weak  electrical  pulses.  Its  mechanism  of  action  includes
blocking  pain  signals  based  on  gating  theory,  promoting  the  release  of
endogenous opioid  substances,  and  regulating  neurotransmitter  transmis-

sion, etc. It is currently widely used in the treatment of chronic pain such as
postherpetic neuralgia and complex regional pain syndrome.66-70

Optical  neuromodulation  is  an  emerging  technique  that  enables  precise
control  of  neural  activity  through  the  combination  of  genetic  and  optical
methods.  By  introducing  light-sensitive  ion  channels  or  pumps into  specific
neuronal populations via viral vectors, neurons can be selectively activated or
inhibited using light of defined wavelengths. This approach achieves millisec-
ond  temporal  precision  and  cell-type  specificity  that  far  exceed  those  of
traditional  electrical  stimulation.  Mechanistically,  optogenetic  stimulation
modulates neural circuits by directly depolarizing or hyperpolarizing targeted
neurons,  thereby  reshaping  local  and  large-scale  network  dynamics  and
influencing behavior, perception, or pathological oscillations.71,72

Given the  diversity  in  mechanisms,  applications,  and  technical  specifica-
tions  of  various  neuromodulation  technologies,  a  comparative  overview  is
essential  for  understanding  their  respective  roles. Table  2 summarizes  the
key  characteristics,  advantages,  limitations,  and  primary  applications  of  the
major modulation  techniques  discussed  in  this  chapter,  providing  a  struc-
tured reference for their comparative analysis.

 SENSORY DISORDERS
 Overview of sensory disorders

The  sensory  system  is  the  fundamental  pathway  through  which  humans
interact  with  their  external  environment.  Specialized  sensory  organs  detect
external stimuli such as light, sound, odor and pressure, converting them into
neural signals that are ultimately integrated into subjective experiences within
the cerebral  cortex.  The  major  sensory  modalities  are  vision,  hearing,  olfac-
tion,  taste,  touch  and  vestibular  function.  Each  plays  a  distinct  role:  vision
dominates the acquisition of spatial information, hearing supports the recog-
nition of  sound and communication through speech,  touch enables interac-
tion  with  objects  and  perception  of  danger,  while  olfaction  and  taste
contribute to  emotion  and  nutritional  intake.  The  vestibular  system,  mean-
while,  maintains  balance  and  spatial  orientation.73 According  to  the  World
Health  Organization  (WHO),  over  2.2  billion  people  worldwide  experience
visual impairment, including at least 43 million cases of blindness, while more
than  1.5  billion  people  have  varying  degrees  of  hearing  loss.74 Additionally,
spinal  cord  injury  and  neurodegenerative  diseases  (e.g.,  PD)  often  lead  to
multisensory dysfunction, particularly in modalities such as touch and olfac-
tion.75 Conventional  treatments,  such  as  pharmacological  interventions,  can
alleviate  mild  deficits,  but  are  largely  ineffective  for  severe  or  irreversible
impairments,  including  retinitis  pigmentosa  and  profound  deafness.76 BCI
technology  offers  innovative  strategies  for  diagnosing  and  treating  sensory
disorders by establishing direct communication between the brain and exter-
nal devices,77,78 as shown in Figure 3.

 Visual and auditory restoration
Visual  impairment  is  usually  caused  by  a  disruption  to  the  visual  signal

transmission chain, which can be due to retinal disease, optic nerve injury or
cortical  dysfunction.79 Visual BCI  offers  a  revolutionary  way to  restore  func-
tional  vision  by  bypassing  the  eye  or  optic  nerve  and  stimulating  the  visual
cortex  directly.  Non-invasive  BCI  such  as  EEG  objectively  quantifies  the
integrity and sensitivity of visual pathways by collecting visual evoked poten-
tials, and combines eye tracking to evaluate eye movement and gaze disor-
ders, providing a basis for diagnosis, follow-up, and rehabilitation.80-82

Retinal  prostheses  and  cortical  implants  are  two  mainstream  invasive
treatment  methods  currently  available.  Retinal  prostheses  are  suitable  for
patients with partial retinal viability. They convert camera-derived signals into
electrical pulses that stimulate residual retinal neurons via electrode arrays. In
contrast, cortical implants bypass the retina and optic nerve entirely by stim-
ulating  the  visual  cortex  directly  to  evoke  phosphenes,  which  are  perceived
patterns of light spots forming the basis of rudimentary vision.83 Advances in
these technologies not only restore light perception, but also enhance sensi-
tivity  to  color,  object  contours  and  the  direction  of  motion  of  high-contrast
objects.84 MEA  enables  precise  spatiotemporal  stimulation.  Studies  have
shown that a 96-channel Utah array can elicit spatially organized phosphene
patterns that support basic shape recognition.85 In the short term, non-inva-
sive  BCI  is  preferred  for  diagnosis  and  monitoring,  and  retinal  implants  can
provide basic visual recovery. In the medium term, it  is expected to improve
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recognition  accuracy  and  expand  "super  vision"  capabilities  through  higher
channel electrodes, optimized algorithms, and broadband technology.

Auditory  impairment  results  from  disruptions  in  the  auditory  pathway,
including cochlear damage, auditory nerve injury, or auditory cortex dysfunc-
tion.86 Auditory  BCI  is  being  used  more  and  more  in  clinical  and  research
settings,  providing  objective  tools  for  diagnosing  hearing  loss  and  language
disorders  by  recording  brain  responses  to  sound  via  EEG.87 These
approaches allow clinicians to  assess auditory  discrimination,  music  recog-
nition, and speech comprehension in cochlear implant (CI) users, thus evalu-
ating  the  long-term  effectiveness  of  implantation.  For  instance,  biomarkers
such  as  the  P1  component—a  positive-going  event-related  potential  that
peaks  approximately  100  milliseconds  after  an  auditory  stimulus,  indicating
early  cortical  processing  and  maturation  of  the  auditory  pathway—and
mismatch negativity  have been recognized as  reliable  indicators  of  auditory
and cognitive development in CI users.88 Furthermore, event-related potential
(ERP) paradigms reveal that the P300 component—a later positive deflection
occurring  around  300  milliseconds  post-stimulus,  which  is  associated  with
cognitive  functions such as attention allocation and the detection of  rare  or
significant  events—is  diminished  in  children  with  language  deficits.  This
reduction correlates with poorer language and literacy skills,  highlighting the
clinical  utility  of  auditory  BCI  for  monitoring  rehabilitation.89 Beyond assess-
ment,  auditory  BCI  has  been  used  to  study  cortical  plasticity  after  cochlear
implantation.  Studies  demonstrate  that  unilateral  hearing  loss  induces
widespread  cortical  reorganization  during  development,  while  long-term  CI
use can partially  reverse this effect;  however,  late-onset cases remain more
challenging.90 For patients who are unable to benefit from CI due to cochlear
or  auditory  nerve  damage,  direct  auditory  cortex  stimulation  via  BCI  is  a
promising  alternative  for  the  future.91 Even  more  compelling  are  hybrid
approaches  that  combine  BCI  with  advanced  hearing  aids.  For  example,
recent  Neuralink  experiments  have  shown  that  AI  algorithms  can  decode
neural signals from the auditory cortex in order to reconstruct intended audi-
tory  perception.  This  establishes  a  closed-loop  BCI  that  could  one  day

provide seamless, biocompatible auditory compensation.92

 Somatosensory and balance rehabilitation
Tactile  dysfunction  is  most  commonly  associated  with  spinal  cord  injury,

peripheral neuropathy and stroke. Spinal cord injury is particularly devastating
as  it  can  lead  to  a  complete  loss  of  tactile  sensation  below  the  site  of  the
injury.93 In  recent  years,  artificial  somatosensory  systems  have  attracted
considerable  interest  due  to  their  potential  to  restore  tactile  function  in
patients with sensorimotor impairments. BCI and neuroprostheses have been
explored as effective tools for delivering artificial tactile feedback. Studies on
patients  with  spinal  cord  injuries  have  demonstrated  that  stimulating  the
somatosensory  cortex  with  intracortical  microstimulation  (ICMS)  can  evoke
natural  tactile  sensations.  Notably,  biomimetic  ICMS  patterns  produce
sensations that are closer to natural touch, while using less electrical charge.
This  provides  a  promising  foundation  for  designing  neural  prostheses  with
tactile  feedback.94 In  patients  with  complete  spinal  cord  injury,  electrode
arrays implanted in somatosensory cortical regions corresponding to hand or
foot  representations  can  be  coupled  with  external  sensors  embedded  in
prosthetic devices  to  generate  virtual  touch.  Clinical  feasibility  trials  of  elec-
trotactile BCI have demonstrated accuracy rates of 70-100%, with ipsilateral
EEG  channels  outperforming  contralateral  ones.  This  confirms  the  clinical
potential  of  top-down  somatosensory  BCI  training.95 While  much  progress
has been made in restoring touch, proprioception has received less attention.
Future bidirectional  BCI  that  integrate  both  tactile  and  proprioceptive  feed-
back will be critical for enabling patients to regain more natural motor control.

Postural  balance depends on the accurate integration of  visual,  vestibular
and somatosensory information in the central nervous system. Disruption to
these pathways, such as cortical ischaemia following a stroke or interruption
to sensory transmission following a spinal cord injury, can result in a signifi-
cant deterioration in balance control.96 BCI offers a novel approach to balance
rehabilitation,  establishing  direct  brain,  device  communication  channels  to
regulate  neural  activity  or  provide  real-time  sensorimotor  feedback.  Current
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Table 2.  Comparison of major neuromodulation technologies.

Technology Invasiveness Advantages Limitations Applicati26ons Clinical
application

Transcranial Electrical
Stimulation (tES)49-51 Non-invasive

Portable, easy to operate, high
safety profile, suitable for home
use

Limited penetration depth,
low spatial precision,
significant individual
variability

Cognitive enhancement, learning
ability, neurorehabilitation

Early clinical
and research
use

Transcranial Direct
Current Stimulation
(tDCS)52

Non-invasive
Low cost, portable, easy to use,
very safe profile; can be
combined with other therapies.

Limited focality, subtle
effects requiring multiple
sessions, sham condition is
a challenge

Cognitive enhancement,
depression, chronic pain, stroke
rehabilitation

Widely used in
clinical trials

Transcranial Ultrasound
Stimulation (tUS)53-55 Non-invasive

Deep penetration, high spatial
precision, non-invasive
targeting of subcortical
structures

Skull transmission
variability, requires precise
targeting, limited long-term
safety data

Depression, essential tremor,
cognitive modulation

Early clinical
and research
use

Transcranial Magnetic
Stimulation (TMS)56-60 Non-invasive

Good spatial precision, reaches
deeper cortical layers,
substantial clinical evidence
base

Large equipment, seizure
risk, long treatment
sessions, effects often
require multiple sessions

Movement disorders, Alzheimer's
disease, epilepsy, depression,
sleep disorders

Routine clinical
practice

Deep Brain Stimulation
(DBS)61-64 Invasive

High precision for deep targets,
effects are lasting and
reversible, parameters are
adjustable

High surgical risk, high cost,
potential for side effects,
requires long-term clinical
follow-up

Refractory Parkinson's disease,
depression, essential tremor

Routine clinical
practice

Electroconvulsive
Therapy (ECT)65 Invasive

Most effective for severe
depression, rapid onset of
action

Cognitive side effects,
requires general anesthesia,
significant social stigma

Treatment-resistant depression,
catatonia, acute suicidal risk

Routine clinical
practice

Spinal Cord Stimulation
(SCS)66-70 Invasive

Effective pain blockade,
promotes release of
endogenous opioids

Invasive implantation
procedure, hardware-related
risks

Chronic pain conditions, failed
back surgery syndrome, complex
regional pain syndrome

Routine clinical
practice

Optogenetics (optical
neuromodulation)71,72 Invasive

Cell-type specificity,
millisecond temporal precision,
high spatial resolution

Requires genetic
modification and surgery,
potential tissue heating and
phototoxicity

Seizure interruption,
Parkinsonian pathway
modulation, vision restoration
research

Human use
limited to pilot
retinal studies
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applications  focus  on  motor  imagery  training  combined  with  multimodal
feedback and the regulation of somatosensory-evoked potentials, as well as
integration  with  functional  electrical  stimulation  (FES).  These  interventions
aim  to  promote  neuroplasticity  and  sensorimotor  reintegration.97 Clinical
studies  demonstrate  that  BCI-based  interventions  can  significantly  improve
balance  in  stroke  survivors,  particularly  when  combined  with  FES,  as  this
enhances gait  recovery  and  postural  control  more  effectively  than  conven-
tional  FES  alone.98 However,  in  severe  cases  such  as  complete  spinal  cord
injury  or  advanced  PD,  neuromodulation  alone  is  insufficient.  In  these
instances,  BCI-FES  hybrids  offer  a  centrally  driven  rehabilitation  strategy,
directly stimulating muscles while engaging central control pathways. These
approaches have shown considerable promise in optimizing neural plasticity,

restoring motor and sensory integration, and reallocating cognitive resources
for balance recovery.99

 Olfactory and gustatory function assessment
The integrity of olfactory perception depends on the unimpeded transmis-

sion  of  signals  from  the  olfactory  epithelium  to  the  olfactory  bulb,  piriform
cortex and limbic system. Neurological diseases such as PD, AD, stroke and
multiple  sclerosis  often  damage  these  pathways,  resulting  in  hyposmia,
anosmia  or  impaired  odor  identification.100 With  its  ability  to  record  neural
signals  and  modulate  brain  activity,  BCI  technology  provides  an  innovative
framework  for  the  objective  assessment  and  rehabilitation  of  olfactory
dysfunction.101 For instance, research indicates that inhaling odors increases
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Figure 3.  Applications of brain computer interface in sensory disorders.
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frontal  theta  activity  within  1.5-2.5  seconds,  and  synchronizing  respiratory
cycles  with  this  activity  enhances  decoding  performance in  olfactory  BCI.102

Paradigms using  delayed  odor  discrimination  tasks  have  achieved  accura-
cies  of  up  to  93.8%,  with  some participants  exhibiting  olfactory-related  EEG
components in the alpha band near C4.103 These findings confirm that olfac-
tory-related  neural  activity  can  be  decoded  and  converted  into  BCI  outputs,
paving the way for novel rehabilitation strategies for post-infectious olfactory
dysfunction  (e.g.,  following  a  case  of  COVID-19)  or  neurodegenerative
diseases.  Looking  ahead,  olfactory  BCI  may  fulfil  a  triple  role  by  providing
objective  diagnostic  tools,  revealing  disease  mechanisms  and  supporting
rehabilitation through closed-loop systems of neural recording, decoding and
regulation.

Taste disorders, which often present as dysgeusia or ageusia, are associ-
ated  with  neurological  diseases  such  as  facial  paralysis,  multiple  sclerosis,
PD  and  AD.  Despite  their  importance,  BCI  studies  focusing  on  taste  lag
behind  those  investigating  other  sensory  modalities,  primarily  due  to  the
diffuse nature of taste receptor pathways and the limited cortical representa-
tion  of  gustation  (< 0.1%  of  the  cortical  surface).  Nevertheless,  recent
progress in EEG-based decoding has opened up some promising opportuni-
ties. Advanced machine learning models using spatiotemporal EEG augmen-
tation  and  channel-attention  convolutional  neural  networks  have  achieved
remarkable classification accuracies of up to 99.5% for taste decoding.104 In a
therapeutic context,  studies  have  investigated  the  use  of  electrical  stimula-
tion of lingual or oral mucosal nerves to evoke taste sensations, establishing
a  link  between  specific  stimulation  parameters  and  the  perception  of  sour,
sweet, bitter,  salty  and  umami  tastes.  More  recently,  multifunctional  gusta-
tory  interfaces have been developed,  such as  a  flexible  256-channel  tongue
electrode system coupled  with  EEG fusion.  This  enables  preoperative  local-
ization of  tongue cancer,  postoperative monitoring of  flap viability  and taste
decoding in reconstructed tongues, achieving accuracies of up to 97.8%.105

 Challenges of BCI in sensory disorders
Although  BCI  has  made  remarkable  progress  in  addressing  sensory

system  disorders,  there  are  still  several  key  challenges  hindering  their
widespread  clinical  adoption.  Firstly,  there  are  ongoing  technical  limitations,
including low decoding accuracy, reduced perceptual authenticity and limited
multimodal  integration.  Non-invasive  BCI  suffers  from  poor  signal-to-noise
ratios,  restricting  their  ability  to  detect  anything  other  than  basic  sensory
events  (e.g.,  the  presence  or  absence  of  a  stimulus).  Implantable  BCIs  are
more  precise  but  face  long-term performance  declines  due  to  glial  scarring
and mismatch  between  the  electrodes  and  tissue.  This  leads  to  a  progres-
sive  reduction  in  decoding  accuracy  of  5-10%  annually.  Furthermore,  most
restored  sensations  are  simplified:  visual  BCI  produces  only  low-resolution
phosphenes without color fidelity; auditory BCI struggles with complex sound
features, such as timbre; and tactile BCI lacks information about temperature
or  pain.  Secondly,  biocompatibility  and  long-term  safety  remain  pressing
concerns.  Current  electrode  materials  (e.g.,  silicon  and  platinum-iridium)
differ mechanically from brain tissue, which can result in immune responses,
inflammation  and  eventual  signal  degradation.  Long-term  safety  data  for
implantable  sensory  prostheses  is  limited,  with  most  trials  reporting  follow-
up periods of less than five years. Finally, clinical translation faces economic
and  regulatory  barriers.  Implantable  BCI  devices  are  expensive,  far  exceeds
the financial  means of  most  patients.  There are still  no standardized guide-
lines  for  patient  selection,  surgical  techniques  and  stimulation  parameters,
while  ethical  issues,  including  data  privacy,  altered  self-perception  and  the
potential  misuse  of  BCI  systems  for  non-medical  sensory  enhancement,
further complicate deployment.

Looking to the future, the next generation of BCIs for sensory disorders is
expected  to  prioritize  multimodal  integration,  closed-loop  adaptive  systems
and enhanced  biocompatibility  via  innovative  materials,  such  as  biore-
sorbable  electrodes  and  nanostructured  coatings.106 Signal  decoding  will  be
further  enhanced  by  advances  in  artificial  intelligence  and  computational
neuroscience, enabling more naturalistic  and individualized sensory restora-
tion.  Addressing  these  challenges  could  transform  the  diagnosis,  treatment
and  rehabilitation  of  sensory  system  disorders,  ultimately  bridging  the  gap
between neurological impairment and functional recovery.

 MOTOR DISORDERS
 Overview of motor disorders

Motor disorders  refer  to  impairments  in  motor  control  caused  by  abnor-
malities in the brain, brainstem, spinal cord, or peripheral motor system. Clini-
cal manifestations  include  bradykinesia,  rigidity,  tremor,  involuntary  move-
ments  (dyskinesia/dystonia),  and  gait/postural  instability.107 They  can  be
broadly  classified  into  hypokinetic  phenotypes  (e.g.,  PD)  and  hyperkinetic/
mixed phenotypes (e.g., ataxia, chorea, dystonia).

The  mechanisms  underlying  motor  disorders  are  highly  heterogeneous,
involving  neurodegeneration,  structural  lesions,  and  functional  network
abnormalities. Central to these conditions is dysfunction of the cortico–basal
ganglia–thalamic–cerebellar–spinal  circuits,  leading  to  impaired  generation,
transmission, and execution of motor commands.108

In  neurodegenerative  diseases,  such  as  PD,  its  hallmark  pathology  is  the
progressive  loss  of  dopaminergic  neurons  in  the  substantia  nigra  pars
compacta, disrupting the balance of excitation and inhibition in basal ganglia
circuits,  and  resulting  in  bradykinesia,  rigidity,  and  resting  tremor.109

Amyotrophic lateral sclerosis (ALS) involves degeneration of upper and lower
motor  neurons,  leading  to  progressive  muscle  denervation  and  paralysis.110

These  disorders  are  irreversible  and  progressive,  necessitating  longitudinal
monitoring and adaptive interventions.

Structural  lesions  such  as  stroke  or  spinal  cord  injury  produce  motor
deficits  through  acute  disruption  of  motor  pathways.  Stroke  commonly
damages the corticospinal tract or basal ganglia, causing contralateral hemi-
paresis and fine motor impairments.111 Spinal cord injury interrupts descend-
ing motor commands, leading to paraplegia or quadriplegia.112 Rehabilitation
in  these  patients  focuses  on  exploiting  residual  pathways  or  alternative
circuits.

In  addition,  many  motor  disorders  involve  abnormal  connectivity  at  the
network  level.  For  instance,  cerebellar–cortical  dysconnectivity  is  a  key
mechanism of impaired motor coordination and abnormal postural control in
ataxia  and  dystonia.113 Stroke  and  traumatic  brain  injury  also  induce
widespread  network  reorganization,  which  may  result  in  compensatory  or
maladaptive plasticity, creating both opportunities and uncertainties for reha-
bilitation outcomes,114 as show in Figure 4.

 Assessment and diagnostic applications of BCI in motor disorders
BCIs  decode neural  activity  to  provide  objective  diagnostic  and functional

assessment  tools  for  motor  disorders  with  advantages  of  higher  temporal-
spatial  resolution.  EEG  is  the  most  widely  used  modality  due  to  its  high
temporal resolution and noninvasiveness. In PD, excessive synchronization in
the beta band during resting-state EEG allows high-accuracy patient classifi-
cation  using  BCI  spectral  features.115 In  stroke,  abnormal  event-related
desynchronization/synchronization  reflects  motor  cortical  damage  and
correlates  with  clinical  motor  deficits.116 In  ALS,  reductions  in  beta-band
power have been proposed as biomarkers for longitudinal monitoring.117

fNIRS, which captures hemodynamic responses, is resistant to motion arti-
facts and suitable for bedside and long-term rehabilitation monitoring. Stud-
ies  have  shown  aberrant  frontal  activation  in  PD  during  gait  tasks  and
reduced motor cortical oxygenation in stroke, both of which can be captured
by fNIRS-BCI for functional evaluation.118

fMRI,  despite  limited  real-time  utility,  provides  high  spatial  resolution  to
reveal  disease-related  network  abnormalities.  Reduced  motor  network
connectivity and impaired dynamic switching have been observed in PD and
stroke, correlating with motor impairments. fMRI is thus frequently employed
for BCI model training and calibration.119

ECoG offers high signal-to-noise ratio and access to high-frequency activ-
ity,  enabling  stable  disease  phenotyping  and  longitudinal  monitoring.  In  PD,
ECoG reliably detects beta oscillations linked to bradykinesia,120 while in ALS,
changes in gamma activity have been shown to reflect cortical degeneration
over months to years, supporting the feasibility of long-term ECoG-BCI use.121

More  recently,  multimodal  BCIs  integrating  EEG,  fNIRS,  EMG,  and  inertial
measurement  units  have  improved  disease  classification  and  functional
assessment  accuracy.  EEG–fNIRS  fusion  enhances  detection  of  PD  gait
freezing  subtypes,  whereas  EEG–EMG  coupling  allows  joint  assessment  of
central  and  peripheral  dynamics.122 With  the  adoption  of  deep  learning  and
cross-modal  attention  mechanisms,  multimodal  BCIs  demonstrate  greater
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robustness in  disease classification,  severity  grading,  and prognosis  predic-
tion.123

 Therapeutic and assistive interventions of motor disorders
BCI can not only be used for diagnosis and functional assessment, but also

have made progress in functional recovery and rehabilitation based on brain
interfaces,  from  concept  validation  to  clinical  feasibility  and  early  efficacy
verification.

BCI-FES has achieved landmark clinical evidence in post-stroke upper limb
rehabilitation.  Randomized  controlled  trials  have  shown  that  FES  driven  by
motor-related cortical activity induces significant and lasting motor recovery,
supported  by  imaging  and  electrophysiological  evidence  of  enhanced
connectivity and cortical reorganization.124,125

For  spinal  cord  injury,  brain-spine  interfaces  combining  cortical  decoding
with  spatiotemporal  epidural  electrical  stimulation  (EES)  have  enabled  real-
time restoration  of  gait  and  standing  in  chronic  paraplegic  patients.  Natural
walking in ecological environments and residual function after device removal
have  been  reported,  suggesting  long-term  neuroplastic  effects.126,127 In  PD,
EES  may  modulate  spinal  central  pattern  generators  and  improve
cortico–spinal  connectivity,  alleviating  symptoms  such  as  freezing  of  gait
and postural instability. In stroke, EES could enhance residual cortico–spinal
transmission and  promote  neuroplasticity,  thereby  supporting  motor  recov-
ery.

BCI-robot/exoskeleton  training  enables  high-intensity,  task-specific reha-
bilitation.  BCI  systems  synchronize  robotic  assistance  with  patient  motor
intent,  improving  gait  symmetry  and  endurance.  While  promising,  clinical
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translation requires advances in low-latency control, human–robot coordina-
tion, and home usability.128

Adaptive DBS, a closed-loop approach using neural  biomarkers (e.g.,  beta
oscillations), is  reshaping  treatment  paradigms  in  PD.  Early  trials  demon-
strate  reduced  motor  fluctuations,  fewer  side  effects,  and  prolonged  device
life compared to conventional DBS.129,130 Beyond PD, closed-loop stimulation
strategies  are  also  being  explored  in  stroke,  where  real-time  cortical  or
subcortical signals can guide targeted stimulation to enhance motor network
reorganization and facilitate functional recovery.

Emerging  non-invasive or  minimally  invasive  approaches  such  as  func-
tional  ultrasound  (fUS),  focused  ultrasound  stimulation,  and  non-invasive
brain  stimulation  techniques  such  as  tES  and  tDCS  are  being  explored  as
complementary  read/write  pathways.  Human  studies  have  demonstrated
fUS-based  high-resolution  decoding  and  focused  ultrasound-based neuro-
modulation, though larger multicenter trials are needed to confirm safety and
reproducibility.131 Importantly,  non-invasive  neuromodulation  is  increasingly
viewed as a critical step toward the development of closed-loop systems, as
it allows brain activity to be decoded in real time while simultaneously deliv-
ering adaptive stimulation.  The integration of neural  monitoring with precise
modulation  enables  techniques  like  tES,  tDCS,  and  focused  ultrasound  to
offer safer,  more  accessible  alternatives  to  invasive  devices.  This  signifi-
cantly broadens the applicability of closed-loop BCI therapies for movement
disorders and neurorehabilitation.

 Challenges of BCI in motor disorders
Despite  considerable  advances  in  the  application  of  BCI  technology  to

motor disorders, several disorder-specific challenges impede its broader clin-
ical implementation.  A  major  obstacle  stems from the  inherent  characteris-
tics of impaired motor networks, such as pathological synchronization in PD
or  erratic  cortical  activity  in  hyperkinetic  disorders,  which  complicate  the
accurate  decoding  of  movement  intention.  These  signals  are  often  non-
stationary and contaminated by abnormal  involuntary movements,  reducing
the  reliability  of  control  commands  for  assistive  or  rehabilitative  devices.
Furthermore, the progressive nature of many neurological conditions means
that decoding models can become obsolete as neural reorganization occurs,
necessitating frequent  recalibration  and  adaptive  machine  learning  strate-
gies to maintain performance over time.132

From a clinical perspective, the heterogeneity of motor impairments across
different disorders presents a significant challenge. BCI devices developed for
stroke-related hemiparesis may not generalize to gait  freezing in PD or loss
of  motor  function  in  ALS,  requiring  highly  individualized  approaches to  both
signal interpretation and intervention delivery. Another critical issue is the gap
between laboratory demonstration and real-world utility: while many systems
successfully restore basic motor tasks in controlled environments, they often
fail  to  translate  into  improved  activities  of  daily  living.  This  may  be  due  to
insufficient  decoding  granularity  for  complex  movements,  lack  of  adaptive
feedback in dynamic settings, or limited integration with residual motor func-
tion.133

Ethical  and practical  considerations further  complicate  the  deployment  of
BCI  technology  in  motor  disorders.  Devices  must  be  usable  by  individuals
who may have accompanying cognitive deficits,  spasticity,  or  fatigue,  which
affects  interaction  consistency.  Moreover,  the  high  cost  and  technical
support  requirements  of  current  systems  raise  concerns  about  equity  and
access, particularly for patients with progressive disabilities who would benefit
from long-term use.  Addressing these challenges will  require  not  only  engi-
neering innovations in robust decoding and adaptive closed-loop control but
also  larger  longitudinal  studies  to  establish  clinically  meaningful  outcomes
and validate real-world efficacy in diverse patient populations.

 COGNITIVE DISORDERS
 Overview of cognitive disorders

The WHO estimates that 1 billion people were over the age of 60 in 2020,
and that this age category will double to 2.1 billion people by 2050. Due to the
aging of the world population and the lack of available diagnosis and thera-
pies, dementia has emerged as one of the top public health challenges and a
major  cause of  disability  and dependency among older  people  globally.  The
term “dementia” describes  a  syndrome  of  decline  in  several  cognitive

domains,  i.e.,  memory,  thinking,  and  the  ability  to  perform  daily  activities,
which  will  ultimately  be  severe  enough  to  interfere  with  independent  living.
The number of people living with dementia is expected to rise from 55 million
in 2019 to 139 million in 2050, according to the WHO.134 Dementia has physi-
cal,  psychological,  social,  and  economic  impacts,  not  only  for  people  living
with  dementia,  but  also  for  their  families  and  society  at  large.  In  2019,
dementia  cost  economies  globally  $1.3  trillion,  and  it  is  expected  to  reach
$2.8  trillion  by  2030.  Age  is  the  most  important  risk  factor  for  developing
dementia.  Although  the  illness  gets  worse  over  time,  not  all  people  will
develop  it  as  they  age.  Furthermore,  gender,  genetic  factors,  hypertension,
diabetes, obesity,  and living habits also influence the progression of demen-
tia.135 The most common form of dementia is AD, which accounts for about
60-70%  of  the  cases.  Other  forms  of  dementia  include  vascular  dementia
(VaD), dementia with Lewy bodies (DLB), frontotemporal dementia (FTD), and
Secondary dementia.136 The boundaries between different forms of dementia
are indistinct, and mixed forms often co-exist, which poses significant prob-
lems  for  the  diagnosis  and  treatment  of  the  disease.  As  elaborated  above,
both  the  diagnosis  and  the  development  of  novel  therapeutic  strategies
remain urgent for dementia. Appropriate diagnosis and treatment of demen-
tia is guided by the cause of dementia and the stage classified by the biologi-
cal and behavioral symptoms, based on the AT(N) schema proposed by the
National  Institute  on  Aging  and  Alzheimer’s  Association  for  AD.137 Recently,
the  diagnosis  framework  has  included  incorporation  of  cognitive  scales,
plasma biomarkers, imaging biomarkers, and EEG analysis. Dubois et al. have
highlighted that conventional diagnostics suffer from delays, high biomarker
variability, limited  imaging  sensitivity,  and  results  affected  by  multiple  vari-
ables.138 BCI technology  facilitates  early  diagnosis  by  capturing  and  analyz-
ing EEG signals to identify early neural  activity changes,  and symptom relief
through neural modulation techniques, including neurofeedback training that
adjusts brain electrical activity, as show in Figure 5.

 EEG-based BCI frameworks for cognitive disorders detection
BCI  technology  acquires  and  analyzes  neuro-electrophysiological  signals

or neuroimaging data to provide a non-invasive, high spatiotemporal resolu-
tion approach for the early diagnosis, subtype differentiation, and longitudinal
monitoring of dementia. In recent years, EEG-based BCI systems, as well as
multimodal frameworks that integrate EEG with fMRI and positron-emission
tomography  (PET),  have  demonstrated  exceptional  promise  in  identifying
specific  biomarkers,  constructing  diagnostic  models,  and predicting  disease
progression.  These  advances  are  gradually  establishing  BCI  as  a  pivotal
research direction for early recognition and phenotypic stratification of cogni-
tive  disorders,  offering  novel  technological  support  to  enhance  diagnostic
sensitivity and enable precision subtyping in clinical practice.

EEG-based  BCI  frameworks—by  virtue  of  their  high  temporal  resolution,
low  cost,  and  ease  of  acquisition—have  become  the  principal  vehicle  for
current neuro-electrophysiological investigations of cognitive disorders. Both
resting-state  and  task-evoked  EEG  features  exhibit  robust  discriminative
capacity for identifying mild cognitive impairment (MCI)  and AD. A substan-
tial  body of literature has demonstrated that,  relative to healthy older adults,
AD  patients  exhibit  increased  power  in  slow-frequency  bands  (delta  and
theta)  and  decreased  power  in  fast-frequency  bands  (alpha  and  beta).139-141

By  decomposing  resting-state  EEG into  periodic  and  aperiodic  constituents,
subsequent work has further revealed that the observed spectral  alterations
in  AD are  driven  exclusively  by  changes  in  the  periodic  component,  with  no
concomitant modification of aperiodic activity.142 These findings indicate that
disrupted oscillatory  synchronization  may constitute  an  early  electrophysio-
logical signature of AD. Large-scale cohort studies have further corroborated
the robustness and biological  validity  of  EEG-BCI frameworks for  AD detec-
tion. Leveraging a sample of 890 participants, Jiao et al. showed that occipital-
parietal  theta  power  and  Hjorth  complexity  accurately  discriminate  healthy
controls (HC) from individuals with mild cognitive impairment or Alzheimer’s
disease,  and  correlate  significantly  with  CSF  Aβ/tau  biomarkers.143 Under
cognitive  challenge,  patients  with  MCI  and  AD  exhibit  task-specific  spectral
and connectivity  anomalies.  Han et  al.  reported that,  relative  to  HC,  patients
with mild AD displayed elevated alpha power during the encoding phase and
increased theta and alpha power during the retrieval phase of an object-loca-
tion  memory  task.144 During  visuospatial  paradigms,  individuals  across  the
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AD  spectrum  exhibit  attenuated  occipital  alpha  oscillations  alongside
enhanced gamma power,  and these deviations correlate robustly  with mini-
mental state examination scores.145 ERP analyses further revealed prolonged
latencies and reduced amplitudes of P300 and N200 components in MCI and
AD cohorts during N-back working-memory tasks. Exploiting these features,
Fraga  et  al.  constructed  a  classifier  that  achieved  high  accuracy  in  ternary
discrimination among HC, MCI, and AD.146

EEG-based BCIs not only detect the presence of cognitive impairment but
also  discriminate  among  distinct  neurodegenerative  diseases.  Relative  to
FTD,  AD  is  characterized  by  markedly  stronger  delta–alpha  and  delta–beta
phase-amplitude coupling.147 In contrast,  FTD patients show elevated Hjorth
complexity  over  frontal-temporal  regions,  with  significantly  higher  signal
amplitude and  nonlinear  irregularity.  When  combined  with  spectral  diver-
gence  across  parietal  and  occipital  cortices,  these  features  support  high-
accuracy classification of AD versus FTD.148 In DLB, EEG-BCIs reveal a promi-
nent slow-wave enhancement that is topographically maximal over occipital
and  parieto-occipital areas.  The  magnitude  of  delta  power  increase  corre-
lates positively with core DLB clinical manifestations, including visual halluci-
nations  and  rapid-eye-movement  sleep  behavior  disorder.149 In  summary,
pure EEG-based BCI frameworks offer a non-invasive, efficient, low-cost, and
highly reliable approach for the diagnosis and differential diagnosis of cogni-
tive  disorders.  Although  pure  EEG-BCIs  have  demonstrated  commendable
performance in  disease  detection  and  progression  forecasting,  their  inher-
ently  limited  spatial  resolution  and  insufficient  capacity  have  prompted
researchers to  integrate  EEG  data  with  structural,  metabolic,  or  hemody-
namic neuroimaging.

 Multimodal BCI frameworks for cognitive disorders detection
This strategy has given rise  to  a  new generation of  multimodal  BCI  diag-

nostic  systems.  Centered  on  the  complementarity  of  electrophysiology  and
imaging, the framework leverages millisecond-level neurodynamics from EEG
while fMRI,  PET, or structural MRI supply millimeter-level spatial  localization
and  pathometabolic  signatures.  The  confluence  preserves  high  temporal
resolution  and,  simultaneously,  enables  a  unified  characterization  of  whole-
brain function, structure, and metabolism.

Brueggen  and  colleagues  first  applied  simultaneous  resting-state  EEG-
fMRI  to  patients  with  mild  AD,  demonstrating  a  marked  attenuation  of  the
positive correlation between alpha power and blood-oxygen-level-dependent

(BOLD) signal within the default  mode network,  thalamus, and other regions
in  the  AD  cohort.150 Using  concurrent  resting-state  EEG-fNIRS,  researchers
observed  significant  neurovascular  decoupling  in  mild  AD,  manifesting  as
weakened  coupling  of  theta  oscillations  with  oxy-hemoglobin  and  of  alpha
oscillations with deoxy-hemoglobin, compared with unimodal features. These
multimodal  neurovascular  coupling  indices  achieved superior  discrimination
between  AD  and  controls.151 Colloby  et  al.  further  integrated  a  resting-state
EEG classifier with medial temporal lobe atrophy scores to construct an EEG-
MRI fusion model that attained 90% overall  accuracy for differential  diagno-
sis  of  AD  versus  dementia  with  Lewy  bodies  (93%  specificity  for  AD,  86%
sensitivity for DLB).152 Collectively, multimodal BCI frameworks overcome the
spatial constraints of EEG-based BCI, significantly outperform single-modal-
ity approaches, and exhibit strong potential as adjunctive diagnostic tools. In
recent years, the establishment of multicenter data-sharing platforms—such
as  the  Alzheimer’s  Disease  Neuroimaging  Initiative  and  the  National
Alzheimer’s  Coordinating  Center—has  catalyzed  a  shift  toward  large-scale,
multimodal  modeling.153 BCI  technology,  particularly  synergistic  frameworks
that  integrate  EEG  with  multimodal  neuroimaging,  blood  biomarkers,  and
genomic data, is now providing an unprecedented technical platform for the
early  detection,  subtype  differentiation,  and  longitudinal  monitoring  of
neurodegenerative cognitive  disorders.  With  ongoing  advances  in  standard-
ized multimodal data acquisition, enhanced model interpretability, and minia-
turized hardware, BCI is poised to become a cornerstone technology for large-
scale screening, precision phenotyping, and therapeutic-efficacy assessment
in cognitive impairment.

 Applications of BCI for treatment of cognitive disorders
A  growing  amount  of  research  has  been  focusing  on  the  treatment  of

cognitive  disorders.  Cholinesterase  inhibitors  such  as  donepezil,  and  N-
methyl-D-aspartate  (NMDA)  receptor  antagonist  memantine  can  help
manage  the  dementia  symptoms,  but  have  little  effect  on  the  dementia
progression and patient prognosis. CIs inhibit the hydrolysis of acetylcholine
to increase the acetylcholine level in the synaptic cleft,154 and NMDA receptor
antagonists  reduce  the  excitotoxicity  of  Glutamate  to  alleviate  neuron
damage.155 Recent progress has been made in the development and approval
of  disease-modifying therapies,  including Lecanemab,156 Donanemab,157 and
Aducanumab.158 Those  novel  monoclonal  antibodies  could  reduce  brain
amyloid burdens and are associated with a moderately less decline on clinical
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measures of  cognition  in  early  dementia,  but  fail  to  stop  dementia  progres-
sion or  significantly  improve cognitive function.  As AD progresses to severe
stages,  pharmacological  treatments  become  less  effective,  patients  suffer
from  physiological  dysfunction  and  neuropsychiatric  symptoms,  and  the
societal  and  economic  burden  increases.  Multidrug  therapies  are  often
necessary  but  can  result  in  drug  interactions  and  increased  side  effects,
complicating care for patients with compromised liver and kidney functions.

Beyond pharmacological interventions, applying physical neuromodulation
methods  such  as  acoustic,  optical,  electrical,  and  magnetic  stimulation—
whether  invasively  or  non-invasively—to  the  targeted  brain  of  dementia
patients  represents  another  pathway  that  researchers  are  exploring.  DBS
involves implanting electrodes within areas of the brain,  which is a potential
therapeutic  approach  for  severe  dementia.  Researchers  found  that  the
nucleus  basalis  of  Meynert.159 the  fornix,160 and  the  ventral  striatum  DBS161

effectively  improved  the  cognitive  function  in  AD  patients.162 However,  the
clinical  application of  DBS is limited by the possible side effects and painful
nature  of  the  invasive  approaches.  Noninvasive  brain  stimulation  (NIBS),
including TMS, tUS, and tES, is gradually emerging as a promising approach
in  the  treatment  of  dementia.163 Most  studies  have  shown  that  dementia
disorders  tend  to  correlate  with  functional  connectivity  alterations  in  the
whole brain circuits rather than in a specific local region,164 corresponding to
this,  NIBS  techniques  alter  connectivity  in  both  targeted  and  remote  brain
regions.  Mencarelli  and colleagues’ preliminary results  supported the possi-
bility of  using TMS targeting the precuneus to arrest  brain atrophy progres-
sion by manipulating network connectivity patterns in patients with mild-to-
moderate AD.165 Dhaynaut and colleagues found that bilateral temporal lobes
tES seems to induce gamma activity and observed a possible effect on brain
protein  clearance  in  mild-to-moderate  AD  patients.166 Beisterner’s  study
found  that  tUS  significant  improvement  of  neuropsychological  function
correlated with an upregulation of the memory network.167 NIBS effects seem
to  be  activity-dependent  since  they  are  notably  enhanced  and  reinforced
when combined with cognitive and behavioral activities to promote enduring
outcomes. Considering the complex and heterogeneous substrate of demen-
tia, involving a cascade of causative factors, it is unlikely that a single thera-
peutic approach may be sufficient and satisfactory to treat cognitive decline.
Therefore, NIBS techniques have increasingly been applied as single or add-
on therapies (i.e., combined with pharmacological drugs or cognitive training)
for people suffering from dementia.168

Recent years,  numerous studies have also explored the potential  applica-
tion  of  BCI  technologies  in  rehabilitation  and  cognitive  neuroscience.  BCI
methods detect brain signals in real time, converting them into commands to
control  external  devices,  or  translating  external  stimuli  into  signals  that  the
brain  can  perceive.169 For  example,  neurofeedback  training  measured  and
analyzed brainwaves of a participant to give auditory and visual stimuli, which
could  inhibit  the  undesirable  brain  activity  and  regulate  the  brain  for  the
better.  Several  studies  have  been  proposed  in  patients  with  mild  cognitive
impairment and  AD patients  and  showed significant  improvement  in  cogni-
tive function,  positing this approach as a novel  direction for non-pharmaco-
logical  AD treatment.170 Additionally, BCI  can be integrated with  other  thera-
peutic interventions like TMS and electrical  stimulation to amplify the thera-
peutic outcomes in Lock-in syndrome171 and epilepsy,172 but these combina-
tions  have  not  been used in  patients  with  dementia.  Indeed,  controlling  and
modulating  EEG  brain  activity  to  induce  neuroplasticity  is  a  key  aim  of  BCI
applications in NIBS methodologies.

 Challenges of BCI in cognitive disorders
Despite  the  promising  applications  of  BCI  in  cognitive  disorders,  several

challenges impede its widespread clinical adoption. A primary obstacle lies in
the inherent variability of brain signals among individuals, particularly in aging
populations  with  neurodegenerative  conditions.  Factors  such  as  differing
disease  etiology,  severity,  medication  effects,  and  individual  anatomical
differences  contribute  to  significant  heterogeneity  in  electrophysiological
patterns.  This  variability  complicates  the  development  of  standardized
biomarkers  and  robust  classification  models  that  generalize  across  diverse
patient groups. Moreover, cognitive disorders often involve diffuse brain alter-
ations  rather  than  focal  abnormalities,  making  it  difficult  to  identify  specific
and reliable neural signatures for accurate diagnosis and monitoring.

Another challenge is the practical implementation of BCI systems in cogni-
tively  impaired  populations.  Patients  with  dementia  may  struggle  with
compliance,  attention,  and  task  engagement  during  EEG  or  neuroimaging
recordings, leading to increased noise and artifacts in the data. The cognitive
effort  required  for  some  paradigms—especially  task-based EEG  measure-
ments—might  be  overwhelming  for  patients,  thereby  affecting  data  quality
and interpretability.  Furthermore,  the progressive nature of  disorders like AD
means  that  signal  features  may  evolve  over  time,  necessitate  adaptive
models  and  continuous  recalibration,  which  poses  additional  technical  and
logistical burdens.

Finally,  the translation of BCI technology from research settings to clinical
practice faces methodological and regulatory hurdles. Many current findings
are  based  on  relatively  small,  single-center  studies,  raising  concerns  about
reproducibility  and  generalizability.  The  lack  of  large-scale  validation  and
standardized  protocols  limits  the  comparability  of  results  across  studies.
Additionally, the integration of multimodal data—while promising—introduces
complexity in data fusion, interpretation, and ethical considerations related to
data  privacy  and  patient  consent.  For  BCI  to  become  a  mainstream  tool  in
cognitive disorders,  these challenges must be addressed through collabora-
tive efforts integrating clinical, technical, and regulatory perspectives.

 MENTAL DISORDERS
 Overview of mental disorders

Mental  disorders  represent  a  major  global  health  challenge,173 with  high
prevalence  and  profound  disability  caused  by  conditions  such  as
depression,174 bipolar  disorder,175 schizophrenia,176 and substance use disor-
der.177 Yet their management remains suboptimal: diagnosis still relies largely
on  subjective  symptom  reports  and  clinical  interviews,178 and  treatment  is
often  based  on  trial-and-error pharmacotherapy  or  empirical  neuromodula-
tion  (e.g.,  TMS,  ECT).179,180 This  approach  fails  to  account  for  the  marked
heterogeneity  in  symptoms,  biology,  and  treatment  response,  leading  to
misdiagnosis, resistance, and significant societal costs.181

Against  this  backdrop,  there  is  an  urgent  demand  for  precise  diagnostic
and  treatment  strategies  grounded  in  individual  physiological  data  such  as
biomarkers  and  neuroimaging.182,183 BCI  technology  offers  a  promising
avenue:  by  integrating  high-temporal-resolution  brain  signals  (e.g.,  EEG,
fNIRS)  with  multimodal  clinical  and  molecular  data,  and  applying  machine
learning,  BCI  can  identify  patient-specific  circuit  dysfunctions,  providing
objective markers for diagnosis, subtyping, and prognosis.184,185 Beyond diag-
nostics,  BCIs  also  pave  the  way  toward  closed-loop  therapeutic  systems
capable of decoding brain states in real time and adaptively guiding interven-
tions  such  as  DBS  or  TMS.186-188 Ultimately,  this  enables  truly  tailored  and
dynamically optimized precision therapy for each patient, as show in Figure 6.

 Diagnosis of mental disorders using BCI
Beyond  their  immediate  application  in  improving  diagnostic  accuracy,  a

profound implication  of  BCIs  lies  in  their  potential  to  redefine  the  neurobio-
logical  taxonomy  of  psychiatric  disorders.  The  symptom-based  diagnostic
categories  in  current  clinical  practice,  while  essential  for  communication,
encompass  vast  underlying  neurobiological  heterogeneity.189 This hetero-
geneity  is  a  major  confound  in  psychiatric  research,  diluting  effect  sizes  in
clinical  trials  and  obfuscating  the  search  for  mechanistic  pathways.  BCI-
derived  biotypes  aim  to  deconstruct  these  traditional  syndromes  into  more
homogeneous  subgroups  based  on  shared  neurophysiological  signatures,
such as specific patterns of aberrant oscillatory activity or functional connec-
tivity.

Crucially,  these  data-driven biotypes  may  cut  across  conventional  diag-
nostic  boundaries  (e.g.,  defining  a ‘reward  circuit  deficiency’ biotype  that
includes patients with both negative symptom schizophrenia and anhedonic
depression). By stratifying patients based on mechanism rather than symp-
tom,  BCI  research  provides  a  foundational  framework  for  future  studies.  It
enables  a  more  precise  mapping  between  pathophysiological  mechanisms
and  therapeutic  interventions,  ultimately  facilitating  the  development  of
targeted  treatments  for  neurobiologically  defined  patient  subgroups  and
accelerating the pace of discovery in psychiatric neuroscience.

Schizophrenia  is  a  chronic  and  disabling  psychiatric  disorder  affecting
about  1%  of  the  population,  characterized  by  heterogeneous  symptoms
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spanning positive  (hallucinations,  delusions),  negative  (blunted  affect,  avoli-
tion),  and  cognitive  domains  (working  memory,  executive  deficits).190-192

Neurobiological  models  highlight  dopaminergic  dysregulation—hyperactivity
in mesolimbic circuits linked to positive symptoms and hypoactivity in meso-
cortical  pathways  contributing  to  negative  and  cognitive  impairments.193,194

The glutamate hypothesis further implicates NMDA receptor hypofunction as
an  upstream  mechanism  that  disrupts  dopamine  signaling.195 In  parallel,
neurodevelopmental  models  suggest  aberrant  synaptic  pruning  during
adolescence  undermines  cortical  maturation,  consistent  with  neuroimaging
findings  of  widespread  dysconnectivity  involving  the  prefrontal  cortex,
temporal regions, hippocampus, and thalamus.196

These  alterations  in  brain  connectivity  are  critically  associated  with  the
emergence of  core symptoms such as hallucinations,  delusions,  and cogni-
tive deficits. This complex and multifaceted pathophysiology underscores the
limitations of current symptom-based diagnostic approaches and highlights
the  urgent  need  for  objective  biomarkers.  In  this  context,  BCI  technology,
capable  of  capturing  aberrant  neural  circuitry  dynamics,  offers  a  promising
pathway  for  refining  diagnosis  and  identifying  biologically  grounded
subtypes.

Recent  advances  in  machine  learning  and  deep  learning  have  markedly
improved the neurobiological characterization and diagnostic classification of
schizophrenia.  Functional  connectivity–based  deep  learning  models  now
achieve  high  accuracies  by  capturing  disruptions  across  cortical–striatal–
cerebellar  circuits  and  abnormal  interactions  among  default,  salience,  and
control  networks.197 Time-series  approaches  such  as  recurrent  neural
networks  further  highlight  the  discriminative  role  of  the  dorsal  striatum  and
cerebellum, yielding robust classification performance.198 Dynamic functional
connectivity analyses  and  temporal  graph  convolutional  networks  outper-
form  static  methods,  revealing  state-specific  abnormalities  in  delta,  theta,

and gamma bands as well as left frontal dysfunction, with particularly strong
predictive accuracies.199,200

Beyond fMRI, structural connectome studies reveal both shared and disor-
der-specific  network  changes  across  schizophrenia,  bipolar  disorder,  and
major depression,201 while interpretable graph neural networks applied to EEG
demonstrate  robust  cross-site  generalizability,  identifying  theta  and  alpha
power  as  reliable  biomarkers.202 Prospective  EEG-based  deep  learning
approaches  have  also  enabled  early  risk  detection  in  children,  underscoring
their  translational  value  for  preventive  psychiatry.203 Still,  the  dissociation
between  neuroanatomical  and  symptomatic  subtypes  highlights  persistent
biological heterogeneity,  reinforcing  the  need  for  BCI  approaches  that  inte-
grate multimodal signals with interpretable models.204

Mood  disorders,  including  major  depressive  disorder  (MDD)  and  bipolar
disorder (BD),  share overlapping depressive symptoms yet differ fundamen-
tally in their  neurobiology and clinical  management.  While both present with
episodes  of  low  mood  and  anhedonia,205 BD  is  further  defined  by  recurrent
mania  or  hypomania,  and  its  treatment  requires  mood  stabilizers  to  avoid
antidepressant-induced  switching.  Given  this  clinical  overlap  but  divergent
treatment  needs,  reliable  biomarkers—particularly  neuroimaging  signatures
distinguishing  MDD  and  BD—are  critical  for  accurate  differential  diagnosis
and safe, effective intervention.206

Large-scale  neuroimaging  studies  suggest  that  MDD  is  associated  with
specific  alterations  in  whole-brain  functional  and  structural  connectivity,
though their  utility  as  diagnostic  biomarkers  is  limited  by  marked  hetero-
geneity. Resting-state fMRI analyses from multicenter consortia (e.g., REST-
meta-MDD, PsyMRI) achieved only modest classification accuracy (~61%) in
distinguishing MDD from healthy  controls,  largely  driven by  thalamic  hyper-
connectivity,  with  most  other  connections  showing  mild  weakening.207

Dynamic  functional  connectivity  analyses  further  reveal  increased  temporal
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variability  between  the  medial  prefrontal  cortex,  insula,  and  dorsolateral
prefrontal  cortex,  correlating  with  depression  severity  and  rumination.208

Structural covariance  studies  show  abnormal  topological  properties,  includ-
ing  increased  global  efficiency  and  altered  nodal  centrality  in  default  mode
and thalamo-insular circuits, linked to symptom severity.209 Importantly, algo-
rithmic  harmonization  has  improved  cross-site  generalization  of  rs-fMRI
classifiers  to  ~70%,  marking  progress  toward  clinical  utility.210 Collectively,
these  findings  highlight  the  heterogeneity  of  MDD  and  support  a  shift  from
categorical  classification  to  dimensional  imaging  endophenotypes  aimed  at
parsing neurobiological subtypes.211

In  BD,  neuroimaging  has  identified  more  distinct  and  reliable  alterations.
Structural MRI studies consistently show reduced volumes in the hippocam-
pus, amygdala, and insula, enabling accurate classification across heteroge-
neous  cohorts.212 Functionally,  BD  is  characterized  by  limbic–frontal hyper-
connectivity  (e.g.,  amygdala–OFC),  often  contrasting  with  the  connectivity
profiles observed in MDD.213 These abnormalities appear early, even in at-risk
youth, as  altered  default  mode  network  topology  and  increased  frontal  effi-
ciency.214 Multimodal  approaches  integrating  structural  and  diffusion  data
further  enhance  diagnostic  precision,215 while  connectome-based  models
predict  future  mood  symptom  severity.216 Together,  these  findings  suggest
that BD is associated with a quantifiable and clinically relevant neuroimaging
profile, supporting the development of objective diagnostic tools and person-
alized treatment strategies.

Substance use disorder (SUD) is increasingly recognized as a chronic and
relapsing  brain  disease  characterized  by  compulsive  drug  seeking  and  use
despite severe  adverse  consequences.  Clinically,  SUD  is  often  conceptual-
ized within a three-stage cycle: (1) binge/intoxication, in which acute reward
drives  excessive  drug  consumption;217 (2) withdrawal/negative  affect,  domi-
nated by dysphoria, anxiety, and anhedonia upon cessation;218 and (3) preoc-
cupation/anticipation  (craving),  defined  by  obsessive  drug-related  thoughts
and heightened relapse risk.  Among these,  the craving stage plays a pivotal
role, as it  is the strongest predictor of relapse and a primary focus for diag-
nostic and therapeutic innovation.

The  neuropathology  of  SUD involves  dysregulation  across  reward,  stress,
and  executive  control  networks.219 Substances  hijack  the  mesolimbic
dopaminergic  pathway,  producing  supraphysiological  dopamine  release  in
the nucleus accumbens that reinforces drug-taking behavior.220 With chronic
use,  neuroadaptations  induce  a  hypodopaminergic  state  during  withdrawal,
fueling negative affect and drug seeking.221 In parallel, glutamatergic dysfunc-
tion  in  prefrontal  and  orbitofrontal  cortices  compromises  executive  control
and enhances impulsivity,222 while  cortico-striatal-thalamic  circuits  reinforce
maladaptive  habits,223 These  alterations  create  a  self-perpetuating  cycle,
making craving a quantifiable window into the underlying pathophysiology.224

Research on SUD has identified several neural and behavioral predictors of
craving and relapse. In cocaine addiction, EEG studies show that cue-induced
late positive potential follows a parabolic trajectory during abstinence, peak-
ing  at  one  and  six  months,  while  subjective  craving  decreases
linearly—suggesting that neurophysiological signals may capture relapse risk
more  reliably  than  self-report  (Incubation  of  Cue-Induced  Craving  in  Adults
Addicted  to  Cocaine  Measured  by  EEG).225 Beyond  substance-specific find-
ings, connectome-based predictive modeling (CPM) has identified a transdi-
agnostic “craving  network” across  salience,  subcortical,  and  default  mode
regions,  generalizing  across  both  substance-induced  and  fasting-induced
craving states. CPM has also been applied to predict treatment outcomes in
cocaine addiction,  where pre-treatment connectivity  within and between the
frontoparietal, salience, and reward networks forecasted abstinence rates and
generalized  across  independent  cohorts.226 Notably,  neural  predictors  show
substance specificity: networks predicting cocaine abstinence did not gener-
alize  to  cannabis,  for  which  a  distinct  abstinence  network  was  identified.227

Other  biomarkers  add  further  precision—for  instance,  an  oscillatory  EEG
signature linked to melanin-concentrating hormone neuron activity predicted
cocaine-seeking behavior in preclinical models.  Finally,  impairments in wait-
ing  impulsivity,  associated  with  hypoconnectivity  between  the  subthalamic
nucleus, ventral striatum, and subgenual cingulate, have been linked transdi-
agnostically  to  alcohol  misuse,  highlighting  cortico-striatal-thalamic  circuits
as promising targets for neuromodulation.228

 Therapy for mental disorders using BCI
Open-loop  approaches  have  been  widely  implemented  across  psychiatric

disorders,  most  notably  through  repetitive  TMS  and  tDCS.  In  MDD,  fixed-
parameter  TMS targeting the left  dorsolateral  prefrontal  cortex and bifrontal
tDCS protocols are standard open-loop strategies, with multiple randomized
and  open-label  trials  reporting  significant  symptom  reduction.229,230 In  BD,
open-label  and  home-based  tDCS  interventions  have  shown  feasibility  and
clinical  benefit,  particularly  in  bipolar  depression,  with  good  tolerability  and
improvements in mood symptoms.231

In  schizophrenia,  TMS  has  been  tested  as  an  adjunctive  treatment  for
negative  and  cognitive  symptoms.  For  example,  deep-TMS  delivered  with
fixed  high-frequency  protocols  demonstrated  significant  improvements  in
negative  symptom  scales  compared  with  sham  stimulation.232 Systematic
reviews  and  meta-analyses  further  support  moderate  benefits  of  TMS  on
negative symptoms, though heterogeneity remains high.233,234

In SUD, both TMS235 and tDCS have been applied in open-loop paradigms
to  reduce  craving.  Robust  evidence  indicates  that  both  TMS236-239 and
tDCS240,241 are  effective  in  reducing craving in  patients  with  alcohol,  cocaine,
and nicotine use disorders.242,243

Collectively,  these  open-loop neuromodulation  strategies  are  safe,  rela-
tively  simple  to  administer,  and  clinically  accessible,  providing  meaningful
symptom relief across a range of psychiatric conditions. However, by delivering
stimulation with fixed parameters independent of real-time neural states, they
remain  limited  in  their  ability  to  accommodate  individual  heterogeneity  or
dynamically optimize treatment response.

The  closed-loop  mode  represents  the  core  advantage  of  BCI  technology,
with  its  key  feature  being  the  establishment  of  a  complete  read–compute–
write  loop.  In  this  mode,  the  system  can  acquire  neural  signals  from  the
patient  in  real  time,  analyze  them  using  algorithms  to  identify  brain  activity
patterns  associated  with  pathological  states,  and  accordingly  adjust  the
timing  and  parameters  of  stimulation,  thereby  achieving  individualized  and
precise interventions.

In the treatment of psychiatric disorders, adaptive DBS represents a typical
example  of  closed-loop  intervention.244 Electrodes  are  implanted  in  regions
such as the anterior cingulate cortex or nucleus accumbens to continuously
monitor  local  field  potential  signals  associated  with  depressive245 or obses-
sive–compulsive  symptoms,246 with stimulation  delivered  only  when  abnor-
mal activity is detected, thereby avoiding ineffective or excessive intervention.
Another direction is EEG-based closed-loop regulation, where systems moni-
tor  emotion-related  electrophysiological  markers  such  as  alpha  or  theta
oscillations  in  real  time  and  automatically  adjust  the  parameters  of  TMS or
tDCS  to  achieve  treatments  more  closely  aligned  with  an  individual’s  brain
state.247-249 More recently, temporal interference (TI) stimulation,250 an emerg-
ing  non-invasive  technique,  has  been  proposed  for  closed-loop  use.  By
generating interfering electric fields to selectively target deep brain structures,
TI stimulation offers the potential for individualized and precise interventions
in  conditions  such  as  schizophrenia,251 MDD252 and  BD253 when  integrated
with real-time neural or behavioral markers.

The  advantages  of  such  closed-loop  approaches  include  a  higher  degree
of  individualization,  reduced  unnecessary  stimulation  and  side  effects,  and
greater  compatibility  with  the  dynamic  and  fluctuating  nature  of  psychiatric
symptoms. However,  their  clinical  application  remains  limited  by  the  diffi-
culty of reliable signal interpretation, device complexity, and insufficient clini-
cal validation.

 Challenges of BCI in mental disorders
Despite  the  considerable  promise  of  BCI  technology  in  mental  disorders,

several conceptual and practical challenges remain. A core issue is the inher-
ent  complexity  and  variability  of  neural  signals  associated  with  psychiatric
conditions.  Unlike  motor  commands,  which  can  be  relatively  well-localized
and  consistent,  cognitive  and  affective  states  such  as  craving,  sadness,  or
hallucinations are distributed, dynamic, and highly idiosyncratic. This makes it
difficult  to  identify  reliable,  generalizable  neural  biomarkers  that  can  be
decoded accurately across a diverse patient population. Moreover, the noisy,
non-stationary  nature  of  EEG  or  other  neurophysiological  data  in  real-world
settings—where  patients  may  be  anxious,  distracted,  or  medicated—adds
another  layer  of  difficulty  for  developing  robust  BCI  systems  that  perform
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consistently outside controlled lab environments.
Translating experimental BCI protocols into clinically viable tools also faces

significant  hurdles.  Many  current  approaches  rely  on  expensive,  immobile
equipment  like  high-density  EEG  or  fMRI  setups,  which  are  impractical  for
widespread clinical deployment or continuous monitoring in daily life. There’s
a tension between the desire for high-resolution neural data and the need for
affordable,  wearable,  user-friendly  devices.  Furthermore,  the  closed-loop
modulation  of  brain  activity—especially  using  neurofeedback  or  real-time
neuromodulation—raises  unique  ethical  and  clinical  questions  in  psychiatry.
For instance, could continuously decoding a patient’s emotional state invade
their  autonomy  or  privacy?  What  happens  if  a  system  misinterprets  neural
activity and  delivers  inappropriate  stimulation?  These  concerns  are  particu-
larly  acute  when  dealing  with  vulnerable  individuals  whose  capacity  for
informed consent may be compromised by their illness.

Finally,  the  ultimate  challenge  may  lie  not  in  the  technology  itself,  but  in
integrating  it  meaningfully  into  psychiatric  care.  BCIs  are  unlikely  to  offer
standalone cures; rather, they must be part of a broader therapeutic strategy
that includes  psychotherapy,  pharmacotherapy,  and  social  support.  Clini-
cians  will  need  training  to  interpret  BCI-derived  data  and  incorporate  it  into
individualized treatment plans.  Moreover,  the field must avoid over-reducing
complex  human  experiences  to  neural  patterns—acknowledging  that  a
biomarker  of “anhedonia” is  not  the  same  as  understanding  the  personal
reality of living without pleasure. Success will depend on developing BCIs that
enhance rather than replace the therapeutic relationship, providing tools that
empower both patients and clinicians in the shared pursuit of recovery.

 A ROADMAP FOR BCI CLINICAL TRANSLATION
The  transformative  potential  of  BCI  for  neurological  disorders  hinges  on

systematically  addressing key challenges.  By synthesizing the insights from
this review, we propose a three-phase roadmap that transitions from solving
foundational  challenges  to  achieving  disruptive,  holistic  neurotherapeutics
(Table 3). In the near-term (next 5 years), the focus must be on establishing
clinical  viability.  This  involves  developing  next-generation,  biocompatible
electrodes  for  long-term  stability,  validating  robust  neural  biomarkers  for
each disorder through large-scale studies, and demonstrating real-world effi-
cacy of BCI systems in improving patients' activities of daily living. Success in
this phase is the critical foundation for all future applications.

The mid-term (5-10 years) will be characterized by integration and person-
alization.  With  reliable  hardware  and  biomarkers,  the  field  will  shift  towards
creating adaptive, closed-loop systems where AI algorithms modulate neural
stimulation in  real-time based on sensed brain  activity.  A  key milestone will
be  the  seamless  fusion  of  multimodal  data  (e.g.,  EEG,  fNIRS)  to  enhance
decoding  accuracy  for  complex  states.  Furthermore,  efforts  will  focus  on
standardizing platforms to create more accessible "plug-and-play" BCI tech-

nologies, moving them from specialized labs to broader clinical settings.
The long-term vision (10+ years) points towards disruptive innovation and

a paradigm shift in neurohealth. The culmination of prior advances will enable
fully  integrated  systems  that  provide  simultaneous  sensory,  motor,  and
cognitive restoration, moving beyond treating single deficits. BCIs will  evolve
from reactive therapies to  proactive tools  for  continuous brain  health  moni-
toring, capable  of  predicting  and  preventing  disease  exacerbations.  Ulti-
mately, this progress must be accompanied by the establishment of compre-
hensive  ethical  and  regulatory  frameworks  to  ensure  the  responsible  and
equitable integration of BCIs into society.

 CONCLUSION
BCI technology demonstrates remarkable potential in bridging neural activity

with external systems, opening up entirely new avenues for the diagnosis and
treatment of  brain disorders.  Ranging from helping patients restore sensory
and  motor  functions  to  enhancing  cognitive  abilities  and  intervening  in
mental illnesses,  BCI  is  steadily  breaking  through  the  experimental  limita-
tions  of  the  proof-of-concept  phase  and  gradually  advancing  toward  the
practical level with clinical application value. This multidisciplinary technolog-
ical advancement not only highlights the practical value of BCI as an auxiliary
tool  but  also  establishes  its  core  position  as  an  innovative  diagnostic  and
therapeutic platform,  injecting  profound  influence  into  promoting  the  devel-
opment of  precision medicine and reshaping the diagnostic and therapeutic
paradigm for brain disorders.

However,  the field still  faces numerous significant challenges. Current BCI
technology  has  notable  limitations  in  core  performance:  first,  the  decoding
accuracy of neural signals has not yet reached the ideal standard for clinical
applications,  making  it  difficult  to  accurately  capture  complex  brain  activity
commands.  This  gap  between  ideal  and  actual  performance  is  particularly
evident  when  contrasted  with  the  target  benchmarks  required  for  reliable
clinical utility across different disorders. For instance, while high-grade motor
control for complex activities of daily living may require decoding accuracies
exceeding  95%,  current  systems  for  motor  disorders  often  achieve  levels
between 70-85% in controlled environments. Similarly, for cognitive disorders,
accurately  distinguishing  between  subtle  subtypes  like  Alzheimer's  disease
and  frontotemporal  dementia  using  EEG-based  biomarkers  may  demand
accuracies above 90%,  yet  many existing frameworks operate near 80-85%.
In sensory restoration, such as providing functional artificial vision, meaningful
phosphene  mapping  might  necessitate  near-perfect  spatial  decoding,  a
target far beyond the current capabilities of even the most advanced cortical
implants.  Second,  in  dynamic  daily  scenarios,  the  system  lacks  robustness,
being vulnerable  to  factors  such  as  movement  and  environmental  interfer-
ence,  and  its  stability  urgently  needs  improvement;  third,  the  issue  of  long-
term  biocompatibility  of  implantable  devices  has  not  been  fully  addressed,

 

Table 3.  A roadmap for clinical translation of BCI for neurological disorders.

Phase & Timeline Key Goals and Milestones

Phase 1: Near-Term Foundations
(Next 5 Years)

● Hardware Stability: Develop and validate next-generation, biocompatible electrodes (e.g., flexible, bioresorbable)
for long-term signal stability
● Biomarker Validation: Establish robust, standardized neural biomarkers for diagnosis and closed-loop control
through large-scale multi-center studies
● Real-World Efficacy: Demonstrate functional improvement in activities of daily living (ADLs) in home and
community settings

Phase 2: Mid-Term Integration
(5-10 Years)

● Adaptive Closed-Loop Systems: Achieve AI-driven, real-time neuromodulation that dynamically adjusts to
sensed neural states
● Multimodal Data Fusion: Integrate EEG with fNIRS, fMRI, and other signals to create a comprehensive picture of
brain function for enhanced accuracy
● Clinical Translation: Develop standardized, "plug-and-play" BCI platforms with automated calibration to increase
accessibility and reduce expert dependency

Phase 3: Long-Term
Transformation
(10+ Years)

● Holistic Restoration: Create integrated systems for simultaneous sensory, motor, and cognitive restoration,
moving beyond single-modality treatment
● Proactive Neurohealth: Evolve BCIs from therapeutic tools to systems for continuous brain monitoring and
predictive health management
● Ethical & Regulatory Frameworks: Establish comprehensive guidelines for long-term data privacy, identity, and
equitable access
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which  may  trigger  inflammatory  reactions  or  tissue  rejection,  restricting  the
safety  of  their  long-term  use.  At  the  same  time,  the  complex  pathological
mechanisms  of  brain  disorder  themselves,  combined  with  the  physiological
and  pathological  heterogeneity  among  individual  patients,  further  increase
the difficulty in developing universal  clinical  solutions,  making it  hard for the
technology to quickly adapt to the practical needs of different cases.

Furthermore,  considerations  regarding  ethics  and  regulation  cannot  be
ignored either. From the protection of privacy information carried by patients'
electroencephalographic  signals,  to  the  standards  for  adequate  informed
consent in invasive procedures, and to the risk of cognitive manipulation that
may arise from the potential abuse of the technology. All these issues require
the  establishment  of  clear  industry  guidelines  and  regulatory  frameworks
before BCI  technology  is  widely  implemented,  so  as  to  ensure  that  techno-
logical  development  is  always  aligned  with  ethical  boundaries  and  social
security.

In  the  future,  the  next  generation  of  BCIs  will  integrate  multimodal  neural
signals,  advanced  machine  learning  algorithms,  and  closed-loop  adaptive
modulation technology  more  deeply,  thereby  achieving  more  reliable  opera-
tional performance and more precise personalized interventions. Of particular
importance  is  the  deep  integration  of  BCIs  with  artificial  intelligence,
neuroimaging, and neuromodulation technology, it is expected to fundamen-
tally improve the diagnostic accuracy of brain disorders while optimizing the
effectiveness  of  treatment  plans,  providing  brand-new technical  support  for
the  diagnosis  and  treatment  of  complex  brain  conditions.  Furthermore,  the
advancement of large-scale clinical trials, the conduct of long-term follow-up
studies, and interdisciplinary collaboration across fields such as engineering,
medicine,  and  neuroscience  are  even  more  essential  core  guarantees  for
transforming  BCI  from  a  laboratory  technology  into  a  safe,  effective,  and
accessible  healthcare  solution;  none  of  these  elements  can  be  dispensed
with.

In  summary,  although  the  BCI  field  still  faces  numerous  challenges  that
need to be overcome, the continuous iteration and innovation of its technol-
ogy  have  injected  tremendous  hope  into  breaking  the  limitations  of  brain
disorder  diagnosis  and  treatment  and  reshaping  the  prospects  of  clinical
practice. With the deepening of technological innovation and the responsible
implementation that balances ethics and safety,  BCIs will  surely become an
indispensable  and  crucial  component  of  future  neurotherapeutic  strategies,
bringing new opportunities for recovery to brain disorder patients around the
world.
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